Abstract
Many observational studies looking at the effectiveness of preventive therapies are prone to healthy user bias. [1] [2] [3] [4] Healthy users tend to follow healthy behaviours (diet, exercise, cancer screening, vaccinations, etc.), adhere to their medications and preventive therapies, have higher functional status, and may be prescribed medications and therapies differently than their nonhealthy counterparts. 1 The issue of healthy user bias (or healthy vaccinee bias) within observational studies of influenza vaccination are well recognized. [5] [6] [7] Although most people are recommended to receive the annual influenza vaccine to reduce their risk of complications from influenza and hospitalization, 8 only a subset of the eligible population is vaccinated. Indeed, patients who either seek out or are prescribed preventive therapies, like influenza vaccination, are often inherently different than their non-healthy counterparts. In the case of influenza vaccination, it has been shown that patients who receive the influenza vaccine tend to be less frail and overall healthier than their non-vaccinated counterparts. 9, 10 Although studies have been able to identify healthy user bias in some cases, 6, 7 control for the bias within the analyses has been difficult. It is clear that better methods to control for confounding in these observational studies are needed, which may include using proxy measures (e.g., hormone therapy use has been studied as a marker of healthy users 11 ) or predictive scores. 2 Predictive scores are particularly appealing as they combine a large amount of data into an overall score or index which can be used for adjustments in models (e.g., Charlson comorbidity index). However, no index or score has been developed for identification or adjustment of healthy users in research of preventive therapies that we are aware of.
We hypothesized that the healthy user bias can be captured, at least partially, in a prediction score, which can then be used to lessen the impact of confounding within observational studies of preventive therapies. Therefore, the objective of this study was to develop a healthy user index using influenza vaccination receipt as a 'prototypical' example of a healthy user, and to internally validate it in our population of adult patients with type 2 diabetes.
METHODS

Data Sources
We analyzed data from a large US claims and integrated laboratory database (Clinformatics TM Data Mart Database (OptumInsight, Eden Prairie, MN)) which has been used in numerous previous observational studies. [12] [13] [14] [15] This database includes de-identified longitudinal data on patients, such as administrative and demographic information, medical service claims, laboratory data and pharmacy claims data. Clinical diagnoses are recorded as ICD-9-CM (International Classification of Diseases-9 th RevisionClinical Modification) codes and procedure codes are recorded as ICD-9 and CPT-4 (Current Procedural Terminology-4) codes.
Study Population
We developed our healthy user index in adults (aged 18 years and older) with type 2 diabetes who were part of the database between January 1, 2003 and Dec 31, 2011. Diabetes patients were chosen as influenza vaccination is universally recommended for this population. 16, 17 Moreover, a recent systematic review on influenza vaccination in patients with diabetes has noted that the quality of the studies is low or very low due to major concerns of confounding due to the healthy user. 18, 19 Indeed, influenza vaccination is considered one of the prototypical markers of preventative therapies used by healthy users and a large body of scientific work has already evaluated heathy user bias around receipt of influenza vaccinations use. [1] [2] [3] 6, 7, 9, [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] Thus, influenza vaccination was used as our prototypical marker of the healthy user, although other markers were also explored in additional analyses. Overall, within administrative data, coding for influenza vaccination has been shown to have high specificity (96-97%) and positive predictive value (88-91%), moderately high negative predictive value (74-79%), but lower sensitivity (50-56%). 28, 29 As influenza vaccination occurs on an annual cycle, we divided calendar time into years from July 1st to June 30th, as others have done. Then, using US national surveillance data, 31 we defined our influenza season as a continuous period with the first to last occurrence of 50 positive isolates per week. 
Identification of Healthy Users
Using influenza vaccination as our proxy for the healthy user, [1] [2] [3] 6, 7, 9, [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] as no gold criterion exists in the literature, within each influenza year, receipt of the influenza vaccine was identified. Influenza vaccine receipt was determined based on Current Procedural Terminology/ Healthcare Common Procedure Coding System (CPT/HCPC) codes (4037F, 4274F, 90470, 90655-90664, 90666-90670, 90724, 90737, 9952, G0008, G8108, G8423, G9141, G9142, Q0034). 32 In addition, as pharmacists can dispense and administer influenza vaccinations, pharmacy codes for 'influenza virus vaccines' was also used to identify recipients of influenza vaccination.
Healthy User Predictor Variables
Predictors included variables that are readily available in many observational databases and that have been postulated to be associated with the healthy user [1] [2] [3] 6, 7, 9, [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] (Appendix 1). Specifically, variables included those identified within the US Medicare preventive services codes 3, 32 : (A) cancer screening (including Pap test, pelvic exam, mammography, colorectal screening and prostate screening), (B) cardiovascular disease screening, (C) osteoporosis screening, and (D) medical nutrition therapy. [32] [33] [34] [35] [36] In addition, medication adherence (≥80% was considered "adherent" as per convention 3, [37] [38] [39] ) was included and assessed by the medication possession ratios (MPR). Other medications that have been shown or postulated to be related to the healthy user, including hormone replacement therapy, 11 smoking cessation therapy, and bone resorption inhibitors, 41 were also considered.
Statistical Analysis
To develop our healthy user index, we first randomly divided our sample into 2 approximately equal sized cohorts: a derivation cohort and a validation cohort. The healthy user index was developed in the derivation cohort and then internally validated within the validation cohort.
To develop the healthy user index, a logistic regression model was used to predict yearly influenza vaccine receipt based on age, sex, and our healthy user predictor variables. If a patient received the influenza vaccine that year, their index date was the day of vaccination. If a patient did not receive the influenza vaccine that year, their index date was the last day of the influenza season as others have done.
6 Then all potential predictor variables were identified for each patient any time prior to their assigned index date for each season. Thus, all predictors and receipt of the influenza vaccine were updated on a yearly basis within the cohort.
We first built a parsimonious model in the derivation cohort, using multivariable mixed effects logistic regression to account for the clustered nature of the data (patients could contribute data for each year they were in the database). To facilitate analyses, certain variables were collapsed together if they measured the same underlying constructs (e.g., bone mineral density screening and bone resorption inhibitor medications). Age and sex were forced into the models and healthy user predictor variables with a p<0.10 in univariate analyses were entered into our multivariate model. Then, we further excluded healthy user predictor variables from the multivariate model with a p>0.05 (in sensitivity analyses we included all variables irrespective of p-values). The overall model discrimination was assessed with the c-statistic.
Second, a points-based system was then used to construct the healthy user index score, which has been extensively described previously. 42, 43 These methods are similar to what has been completed in developing the Framingham risk score and mortality risk scores. 42, 43 For each predictor retained in the final multivariate model, the estimated regression coefficient was divided by the estimated regression coefficient for age and then rounded to a single integer. Similar to the Framingham risk score and the mortality risk score, we chose age as our constant, which is the variable that determines the number of regression units per point in the scoring system. 42, 43 The healthy user index for an individual was then constructed by summing the following: age-18 years (as our data contained only patients 18 years of age and older), the component for the patient's sex, and the component for each of the predictor variables retained in the final model. To assess the discrimination ability of the healthy user index, we calculated the healthy user index in our validation cohort based on the values obtained for each predictor variable identified in the derivation cohort. We then completed a univariate mixed effects logistic regression model with our healthy user index as the independent variable and receipt of influenza vaccination as the dependent variable. Overall model discrimination was assessed with the c-statistic. Statistical analysis was conducted with Stata version 12.1 (StataCorp LP, College Station, TX).
SENSITIVITY ANALYSES
To assess whether the healthy user index could be improved, we conducted several sensitivity analyses. First, a number of variables that have been mentioned in the literature as being associated with the healthy user were not included in our final model, such as dementia and having lab work (e.g., cholesterol, creatinine) completed. 23 Thus, we repeated our healthy user index development and forced these variables into the final multivariate model and reevaluated our score. Second, as our index score was developed by dividing each regression coefficient by a constant regression coefficient (age), we also developed a point-scoring system that assigned weights to the predictor variables, which did not account for age or sex. A weight was determined for each predictor variable by multiplying each regression coefficient by 10 and rounding to the nearest integer. A score was then computed by multiplying each predictor variable (1=present; 0=absent) by its estimated weight and summing. This approach is similar to the Charlson Score and the ADG score. 43, 44 Last, we changed our 'marker' of the prototypical healthy user from receipt of influenza vaccination to receipt of statin therapies, as statin therapy has also been shown to be a marker of healthy users 4 , and repeated the analysis.
RESULTS
Our population consisted of 1 827 963 patients aged 18-88 years. Mean age was 52.7 years (standard deviation (SD) 10.4) and 47.4% were female. Average length of follow-up was 5.5 years (SD 2.0 years). Average prevalence of influenza vaccination was 12.7%, with year over year receipt of vaccination ranging from 6.1% to 20.6% of patients. As expected, vaccination rates were highest in those >=65 years of age (range 16.8% to 21.4% year over year) and lowest in those <40 years of age (2.5% to 12.0% year over year). Our study sample was randomly divided into two approximately equal groups: a derivation cohort (n = 914 732) and a validation cohort (n = 913 231). As would be expected with a random split, characteristics between the two groups were similar (Table 1) .
With respect to healthy user predictors, in the derivation cohort, the utilization of statins (39.7%) and cardiovascular screening (27.4%) were the most common, which is not unexpected given the underlying diagnosis of diabetes. Other predictors of the healthy user were less frequent, with hormone replacement therapy (6.0%) and cancer screening (3.8%) being the next most common. Overall, 37.7% of patients in the derivation cohort had a MPR ≥80% during the follow-up (see Table 1 ).
The scoring of the healthy user index is presented in Table 2 . In the derivation cohort, the mean healthy user index was 41.6 (SD 12.9) and scores were normally distributed from a minimum of 0 to a maximum of 91. Points for each component of the healthy user index ranged from a low of 2 (female sex and average MPR ≥80%), to a high of 8 (medical nutrition therapy). Overall model fit, as measured by the c-statistic, in the derivation cohort was of 0.646 (95% CI 0.644-0.647). The estimated regression model was logit(P) = -5.51 + 0.062X; where P represents the probability of receiving the influenza vaccine during the particular flu season and X denotes the patient specific healthy user index score.
When the healthy user index was scored in the validation cohort, the mean healthy user index was 41.6 (SD 12.9), and scores were normally distributed from a minimum of 0 to a maximum of 96. When the healthy user index was regressed on receipt of influenza vaccination in the validation cohort, the c-statistic was 0.649 (95% CI 0.647-0.650), similar to that observed in the derivation cohort. These results were relatively consistent in both males and females. In the derivation cohort, the c-statistic for males was 0.645 (95% CI 0.643-0.648) and 0.649 (95% CI 0.646-0.651) among females with similar results in the validation cohort (0.648, 95% CI 0.646-0.651 and 0.651, 95% CI 0.648-0.653, respectively). Among those 65 years of age and under, the prediction in the derivation and validation cohorts were also similar to the overall model 0.644 (95% CI 0.642-0.645) and 0.647 (95% CI 0.645-0.648), respectively. Similar results were also observed in those over 65 years of age (0.588, 95% CI 0.583-0.593 in derivation cohort and 0.591, 95% CI 0.586-0.597 in validation cohort).
Sensitivity Analyses
First, inclusion of additional variables (e.g., dementia and having any routine lab work completed) had minimal influence on the discrimination ability of the healthy user index (<1% change in c-statistics in either derivation or validation cohorts). Second, utilization of a weight scoring system that did not account for age or sex also performed similarly. The weighted healthy user index is presented in Supplementary Table 3 . Overall model fit as measured by the c-statistic was 0.654 (95%CI 0.652-0.655) in derivation cohort and 0.656 (95%CI 0.655-0.658) in the validation cohort, suggesting similar discrimination relative to our main model. Lastly, use of statin therapy as the dependent variable also performed similarly (Table 4) . Overall model fit in the derivation cohort was 0.666 (95%CI 0.665-0.668) and 0.666 (95%CI 0.665-0.668 in the validation cohort).
DISCUSSION
Healthy user bias is present in many observational studies of preventive therapies, [1] [2] [3] [4] including influenza vaccination. 6 We built the healthy user index as a pointscoring prediction summary to assist in the control of healthy user bias in studies evaluating preventive medicines and therapies. Overall, the healthy user index score was shown to have moderate discriminating ability with respect to utilization of influenza vaccination, which we used as a prototypical marker of the healthy user. We anticipate this score could be used as a method of confounding adjustment in future observational studies of preventive therapies.
Although we have developed a summary score for controlling of healthy user bias in observational studies of preventive therapies, other approaches have also been suggested. One option is simply to adjust for the predictor variables we have identified separately. This may not be possible in all applications, as observations or outcomes may be low, which precludes the . This approach may be too simple, as a single variable may only partially cover the many factors that are associated with healthy users. Lastly, another option is to build a propensity score around a proxy variable believed to represent healthy users. This was done by a group of researchers who built a propensity score around hormone therapy use. 11 A limitation behind this is that the propensity to use hormone therapy may not completely represent the propensity to be a healthy user. As well, using hormone therapy limits the application of this model to only female subjects. Alternatively, our approach to build a healthy user index score, overcomes many of these issues. First of all, by incorporating a large number of variables into a single summary score, we are not limited by low numbers of observations/events. Using one score for adjustments will preserve degrees of freedom in regression models, as others have previously proposed for the ADG mortality risk score, 43 and also the Charlson comorbidity index. 44 Second, by incorporating a vast number of heathy user markers into an overall summary score, we believe a stronger profile of the healthy user characteristics can be incorporated into the models, as opposed to a single variable that serves as a proxy for the healthy user (e.g., mammography or colonoscopy). Related, although propensity scores have also been tried previously, these models are still limited in that they are attempting to predict a single healthy user attribute. Thus, again, propensity scores may be limited in profiling all major healthy user characteristics.
From a research perspective, beyond adjustment for healthy user bias, our healthy user index could be beneficial in characterizing a population, as it provides an overall summary of the patients' health behaviour attributes and is not reliant on a single 'marker' of the healthy user. Moreover, the healthy user index could also be used to evaluate the consistency of medication/ therapy effects in those with low healthy user index scores (i.e., in those with lower probability of being a healthy user) and in those with high healthy user scores (i.e., those with higher probability of being a healthy user) to assist in the identification of healthy use bias within preventive medication/therapy studies. Thus, even if the healthy user index score is not able to fully control for the bias, evaluation of the consistency of study effects among potential subgroups of the index would provide value by helping to identify if healthy user bias may be at play in the results observed in a study of preventive medications/therapies. Importantly, the administrative data required to build the healthy user index is readily available in most jurisdictions. ICD codes for preventive services and procedural codes are routinely captured in administrative data. Further, although some provinces (e.g., Ontario) only fully capture prescription medications for those 65 years and older, the majority of provinces in Canada capture all drugs for all people. As a result, the index should be adaptable to most health jurisdictions.
A strength of this study was the large population and the wealth of information available in the database, including administrative and demographic information, medical service claims, laboratory data and pharmacy claims data. Our study was not without limitations. First, the population we studied was limited to adult patients with type 2 diabetes. The healthy user index will need to be externally validated in the future, including populations with other comorbidities. Moreover, future studies will also need to be completed within administrative databases to evaluate the benefits of the index in controlling for healthy user bias in observational studies. Second, in the index we grouped a number of variables together (e.g., we grouped bone mineral density screening with filling a prescription for a bone-resorption inhibitor medication). This may not be appropriate when applying the score to different populations. Third, we used receipt of influenza vaccination as our prototypical marker of the healthy user. Although a significant amount of literature points to influenza vaccination as a marker of healthy users, this may not be the case. There is no gold standard to identify healthy users in administrative data, and we did do sensitivity analyses with statin use. Fourth, our index was based on variables typically available within administrative databases. Other databases may have access to other variables that could be incorporated into the index (e.g., smoking status, exercise behaviours, etc.). Furthermore, the healthy predictive variables we used were based on typical administrative coding and may not be fully validated; although the majority of the codes were based on the Medicare recommended preventive services codes. 32 Last, our data was derived from the United States. As such, the rates of preventative services, vaccine use, and other healthy user characteristics we observed may not be directly translated to other jurisdictions including Canada. For example, the rates of influenza vaccination use are lower in our study than those observed in other estimates from Canada during our study period. 45 How this may have impacted the development of the index is uncertain; however, importantly, both the derivation and validation cohorts were established from the same population and thus any bias should be expected to be similar within the two cohorts. Moreover, our results were consistent when statin utilization was used as a prototypical marker and previous research during our time of study has shown statin utilization to be nearly identical between the United States and Canada. 46 In conclusion, we developed a summary score that combines age, sex and healthy behaviours to predict healthy users within administrative datasets. Our summary score performed modestly well when internally validated, and in the future, it will require refinement and external validation. This index score may allow researchers to better identify and adjust for healthy user bias in observational health services research; however, we acknowledge that observational research will always be limited in the evaluation of effectiveness and perhaps we should focus our efforts on randomized trials.
